Unless alerted by a family history the rarity of malignant hyperpyrexia (MH) makes an early diagnosis unlikely. The early accounts are anecdotal 1,2 and do not contain quantifiable details of the physiological changes. The rate of change of variables and the presentation became clearer but even with accumulated knowledge the early diagnosis is still unlikely. Quantitative records of the physiological changes (other than in the laboratory) have been unavailable.
Modern monitoring systems are able to transduce physiological changes into data streams which can then be captured by computer and processed. This is the basis of automatic anaesthetic records. The data stream can also be processed to warn of events and to make diagnoses. Computers have been used for many years to create expert systems 3 . These systems are of varying complexity and are built around a number of techniques including analytical, statistical and rulebased (logical) models, or combinations thereof. Rule-based systems are the most common form of expert system used in medical applications. Often they employ crisp (Boolean) logic in the form of IF-THEN rules. Methodological and systematic uncertainty can be handled by Bayesian analysis, an early example being the MYCIN project 4 , or they can be based on fuzzy logic 5 . Fuzzy logic is a system where an object's characteristics (variables) do not have to be in one category or another (e.g. high or low) but they can be said to have a degree of highness or lowness and these degrees can be used in logical statements. For example if blood pressure is lowish and the heart rate is highish then the diagnosis might be hypovolaemia (see Appendix A). This paper describes the application of fuzzy logic to the early diagnosis of MH.
Generation of the rules
Rule-based diagnosis is performed on the basis of finding characteristic patterns of symptoms in the available data. Before creating a set of rules to describe the onset of MH, the literature was surveyed. Descriptions of patients with MH are numerous, but accurate, objective time courses are rare.
Although not an automated printout of physiological data, the reproduction of a manual anaesthetic record by Rampton et al 6 is a good example of a case report (Figure 1) .
Some of the data is missing, particularly detailed temperature changes and carbon dioxide levels. Using "general knowledge" of the condition (text book overviews) a set of rules was created. The rules incorporate the patterns of changes in heart rate and end-tidal carbon dioxide over time. Although temperature is important, until it is monitored routinely, the diagnosis has to be made by using other modalities. A secondary set of rules does include temperature. The parameters used in the rules are set out in Table 1 and should be read in combination with the information in the Appendix.
Testing of the rules
System testing is a problem with such a rare condition. However, the advent of anaesthetic simulators does to some extent make this less of a problem as the data output from an MH scenario on a simulator can be used just as easily as from a patient. National Patient Simulation Training Centre, Capital Coast Health, Wellington Hospital allowed access to their system (Human Patient Simulator, version 1.3, University of Florida) for an appraisal of the diagnostic software. Two different simulated patients were programmed to develop MH and the system tested on the data output from an AS3 Datex anaesthetic monitor. The physiological changes and the timing of the diagnosis can be seen in one simulated patient in Figure 2 .
Subsequent to this testing a hard copy printout of physiological trends from an MH patient became available from the New Zealand centre for MH testing at Palmerston North. This copy was a numerical printout from a Datex AS3 monitor with values for variables at 1 minute intervals ( Figure 3 ). There were a few gaps in the printed data but the missing values were interpolated without creating any change in the overall pattern. No data was inserted prior to its initial recording, i.e. temperature changes were not inserted prior to the first value recorded on the printout. This means that the data is presented to the diagnostic system as it would have been in reality.
The anaesthetist reports that an abnormality was first noted between 45 and 50 minutes after induction. The point where the authors think the anaesthetist made the diagnosis is at the time at which the temperature was first monitored, this is at 46 minutes. The diagnostic algorithm detected the distinct possibility of MH at 37 minutes.
The algorithm was also tested against a scenario that has some similarities to the presentation of MH, that is, laparoscopic surgery. End-tidal carbon dioxide levels rise and cardiovascular changes can mimic a sympathetic response. The data from two patients are presented (Figures 4 a, b) . These patients generated intermittent diagnoses of MH that lasted only a short time, maximum 60s, most were short spikes. The diagnosis in Figure 4a occurs during the chaotic changes during induction of anaesthesia. The MH diagnosis in Figure 3 , the real MH, lasted continuously for nine minutes.
The MH patient showed an increase of P ET CO 2 of 3% over 10 minutes, the maximum change in P ET CO 2 during laparoscopic surgery was 1.5%. Heart rate increased at a rate of 54 bpm in MH, during the laparoscopic surgery the increase was 30 bpm in one patient and 20 bpm in the other.
The data streams from other clinical situations have also been processed through the MH diagnostic algorithm (particularly of note would be a sympathetic response to surgical stimulation) and these have not triggered the MH diagnosis.
DISCUSSION
Expert systems can be created that incorporate the "best" knowledge currently available. An expert system can therefore give excellent performance in the narrow field for which it has been designed. The strengths of computer-based systems (consistency) is therefore complementary to the anaesthetist as long as the limitations are understood.
When a technique is devised to make a diagnosis an attempt is made to determine the rates of false positives and false negatives. In this present situation these rates cannot be determined.
Another problem associated with the assessment of this expert system that we were not sure of the realistic nature of the patient simulator scenarios for MH. Both "patients" developed their physiological changes over a very short period of time (five minutes). Secondly we were not absolutely sure when the anaesthetist diagnosed MH in the real patient.
The system has some problems distinguishing between physiological changes associated with laparoscopic surgery and MH in the three patients described, however a "post-diagnostic" filter might reduce this problem. The MH diagnosis was intermittent during laparoscopic surgery, lasting only for one minute at most. This problem can be addressed by the user's knowledge of the limitations of the tool or a filter could be placed on the diagnosis so that only diagnoses that last for more than 60s are made available to the clinician. The anaesthetist, when making a diagnosis, uses other holistic pieces of evidence to support or refute a possibility. Factors such as the nature of the surgery (strabismus correction and hernia repairs are associated with MH) and muscular rigidity are not easily transduced. It must be reiterated that the diagnostic help of this system is complementary to the anaesthetist's diagnostic skills and it should be seen as a clinical prompt.
APPENDIX
Fuzzy logic is a means of representing the vagueness associated with everyday language. For example, at what magnitude does a blood pressure change from being in a state which is "normal" to being in a state that is "high"? Instead of using crisp Boolean logic that might define "normal" as between 110 mmHg and 145 mmHg, we can use fuzzy logic to account for "degrees of a state", which is more natural. A blood pressure of 144 mmHg may be considered to be normal to a degree of 60% (0.6) and high to a degree of 20% (0.2). These degrees are defined by membership functions as shown in the following diagram. The value can be interpreted as being a member of the normal state to 0.6 and is a member of the high state to 0.2. Note that these degrees do not have to add up to unity (0.6+0.2≠1) and there is no one absolutely correct membership function that represents a concept.
Using these degrees of membership, logical procedures can be applied in the form of implication rules, for example "A implies B" might be " [ hyperpyrexia and we need to be able to distinguish between these diagnoses.
For this purpose we have developed a system called fuzzy templates. Templates can be constructed so that complex membership functions incorporating trend information from multiple signals can be used in implication rules. The membership of a series of measurements to a fuzzy template is found by combining the memberships of each point to the membership function found by "slicing" the fuzzy template (fuzzy course) at the time of the measurement. This is illustrated in Figure 6 .
The actual combination of fuzzy memberships can be performed using a number of methods coming under the heading of "general aggregation operators". Figure 7 illustrates the use of the template parameters in Table 1 .
The algorithm may be improved by the use of the mathematical (evidential) concepts of plausibility and belief. Plausibility is related to that amount of evidence that contradicts the diagnosis and belief is the number of elements that support the diagnosis. Combinations of these can produce intuitive statements like "The diagnosis is likely" or "The diagnosis is possible". Plausibility and belief would be fuzzified whereas threshold values are set to determine the "likely" or "possible" statements.
For more information on fuzzy logic see Klir GJ and Folger TA, Fuzzy Sets Uncertainty and Information, Prentice Hall, Englewood Cliffs, N.J. (1988) .
